Abstract: This paper aims at proposing a quantitative methodology to identify promising research frontiers (RFs) based on bibliographic information of scientific papers and patents. To achieve this, core technological documents are identified by suggesting several indices which measure paper impact, research impact, patent novelty, impact, marketability, and the right range to evaluate technological documents and which measure the research capability of research organizations (ROs) such as a RO's activity, productivity, market competitiveness, and publication impact. The RFs can be identified by clustering core technological documents, and promising indices of each RF which are from the perspectives of growth, impact, marketability, and science-based effect, are calculated to promising RFs. As an illustration, this paper selects the case of pattern recognition technology among various technologies in the information and communication technology sector. To validate the proposed method, emerging technologies on the hype cycle are utilized, allowing analysts to compare the results. Comparing the results derived from scientific papers and patents, the results from scientific papers are proper to suggest themes for research (R) in relatively long-term perspective, whereas the results from patents are appropriate for providing themes for development (D) in terms of relatively short-term view. This approach can assist research organizations and companies in devising a technology strategy for a future direction of research and development.
Introduction
As it is crucial to raise the competitiveness of scientific technology as a strategy for the future, the detection of promising technologies in an early stage is one of the most important challenges. If companies and countries cannot respond to rapidly changing technological trends in time and seize promising technological opportunities at an early stage, it is difficult for them to gain a competitive advantage in the market, and to lead technological innovation and social change. Thus, many developed countries recognize the importance of a promising technology discovery. Several research programs supporting the discovery of future technologies are conducted by Horizon 2020 of the European Union (EU), the Defense Advanced Research Projects Agency (DARPA) of the United States of America (US), and New Energy and Industrial Technology Development (NEDO) of Japan. In addition, many major companies and research institutes have attempted to explore promising technologies in diverse ways, in accordance with their own situations. Consequently, predicted promising technologies have been unveiled, such as the 10 breakthrough technologies from the Massachusetts Institute of Technology (MIT), the next 5 in 5 from International Business Machines Corporation (IBM), and the top 10 strategic technology trends from Gartner group.
In the previous studies related to promising technologies, relevant terms such as promising, emerging technologies, research front, frontier and so on have been utilized interchangeably. Many Proposition 2. The predicted results using scientific papers and patents can be shown to be different because of their characteristics.
This paper proposes a data-driven model designed to identify promising RFs with comprehensive perspectives, which are technological growth, marketability, and the science-based effect. Several metrics are developed in this model to measure the quality of the technological documents, to evaluate research organizations (ROs), and to identify promising RFs quantitatively. Furthermore, the Girvan and Newman clustering algorithm and modularity concept are utilized in the model for grouping technological documents to identify RFs with quantitative approaches. It enables us to overcome the limitation of selecting the appropriate number of clusters through a qualitative approach because the algorithm can recommend the proper number of clusters automatically in conjunction with the modularity. In terms of data sourcing and collection, scientific paper and patent data are collected as technological document data from the Web of Science (WoS) and the United States Patents and Trademark Office (USPTO) database, respectively. The results derived from the proposed model are compared to the results of hype cycle in order to confirm the Proposition 1, and the results derived from scientific papers and patents are compared to observe the difference between them in order to confirm Proposition 2.
The Information and Communication Technology (ICT) industry has a complex and rapidly changing nature as technological convergence occurs and the technologies progress radically. ICT covers a wide spectrum of computing environments (e.g., laptop computers and smartphones) that carry out a broad range of communication and information functions. This connectivity is able to provide new opportunities that are changing the way that firms do business and transforming public service delivery. ICT has proven to be a key driver of economic growth through widespread diffusion of the Internet, mobile telephony, and broadband networks [12] . Due to this nature and environment of ICT, promising technology discovery is crucial in the ICT sector. Thus, the proposed methodology is applied to a pattern recognition technology field of the ICT sector because the pattern recognition technology area has experienced major growth due to the technological innovation of artificial intelligence and big data.
The results applied to pattern recognition technology are well-matched to the hype cycle [13] using both scientific papers and patents. The main finding is that the results from scientific papers are proper for suggesting themes for research (R) in a relatively long-term perspective while the results from patents are appropriate for providing themes for development (D) in terms of a relatively short-term view. It is partially supported by an R&D linear model that explains the seeds of innovation Sustainability 2018, 10, 4055 3 of 32 created by a research lab at the science level and companies develop technologies and products at technology and industry level [14] . From the results and implications, this research provides a brief guideline to differentiate the roles of scientific paper and patent data for strategic R&D planning by proposing priorities to utilize the proposed model in the discussion.
This research contributes in several ways. First, from the perspective of data utilization, promising technology is suggested by utilizing both scientific articles and patents. It is able to provide implications to a research organization for technology planning. Second, from the perspective of methodology, several indices are proposed using bibliographic information in respective steps to evaluate technological documents and research capability of the research organization, and measure comprehensive views of promising property. Finally, from the perspective of the utilization of the results, the results are well matched to hype cycle and provide distinctive implications derived from scientific papers and patent database.
The remainder of this paper is structured as follows. Section 2 introduces relevant previous literature. Section 3 describes the overall research concept of this study, database, data collection and quantitative methodology. Section 4 presents the results of the case study using the proposed methodology, which considers the pattern recognition technology field. Section 5 discusses the implications of the results. Lastly, Section 6 provides the contribution, limitation, and applications of the research.
Literature Review

Concept of Promising Technology
Promising technology can be defined differently from diverse viewpoints. Technical excellence can be considered as a factor for promising technology from the perspective of technology development. On the other hand, from the viewpoint of the market, the technology that is likely to make a great economic outcome after commercialization can be recognized as a promising technology. From the patent perspective, the technology that possesses core relevant patents can be regarded as a promising technology, as a patent is a legal means to protect the right of use of a technology. The term "promising technology" [1, [15] [16] [17] is used interchangeably with other similar terms such as "emerging technology" [18] [19] [20] [21] [22] [23] [24] , "research front" [2, [25] [26] [27] [28] , and "research frontier" [1, 29, 30] etc. without it being defined clearly. Among the various related terms, Cozzens et al. [31] summarized the major concept of emerging technology by reviewing its definition in the literature: (i) fast recent growth [18, 21] ; (ii) transition or change to something new [19, 20] ; (iii) market or economic potential [19] [20] [21] ; and (iv) science-based innovation [19] . Similarly, Rotolo et al. [32] identified five attributes of emerging technologies: (i) radical novelty [19, 33] ; (ii) relatively fast growth [31, 34] ; (iii) coherence [19, [34] [35] [36] ; (iv) prominent impact [18] [19] [20] [21] 31, [34] [35] [36] [37] ; and (v) uncertainty and ambiguity [19] [20] [21] 31, 35, 38, 39] . However, Noh et al. [15] included four major concepts for promising technology in a broad sense: (i) technological vacancy; (ii) convergent technology; (iii) recent appearance and rapid growth of a technology regarding emerging technology; and (iv) customer-based technology. These perspectives on promising technology were not constructed to be mutually exclusive or collectively exhaustive, as they are affected by the purpose of the research, and the characteristics of technologies, respectively. To develop the conceptual model by reflecting comprehensive perspectives of the promising technology regarding Proposition 1, in this paper, the promising technology is identified as a highly growing, impactful and profitable technology, reflecting the major concepts of emerging technology from the works of Cozzens et al. [31] and Rotolo et al. [32] , but the concepts of coherence and uncertainty from Rotolo et al. [32] are excluded, because it is difficult to measure and reflect them. The other concepts, such as technological vacancy, convergent technology, and customer-based technology, were also not considered, because they were too broad to deal with. 
Detecting Promising Technology Using Bibliometrics
Bibliometrics is a method for analyzing publication data such as academic literature, patents, and other publications [40] . It can describe the research interests or the quantity of research, evaluate the impact of a technology or effectiveness of a research organization, and monitor research trends [41] . The approach can be used not only to understand the past by tracing the citation relation but also to forecast the future [42] because it is able to identify "hidden patterns" from large amounts of historical data [43] . Bibliometric analysis has been widely used to detect promising or emerging research areas or technologies as a quantitative approach. It can be exploited to provide an informative reference for forecasting promising technologies or research areas as the results are derived from the objective data-driven quantitative analysis. Table 1 shows the previous bibliometrics studies for promising technology from prior literature [31, 32] . The previous researchers mostly focused on fast growth, among the several attributes of emerging technology. Other attributes, such as radical novelty, market impact, and science impact, were not reflected when detecting promising technologies. Terminologies such as research front, field, and frontier were utilized when they were using bibliographic information from scientific publications, whereas the studies using patent information utilized the term "emerging technology". Furthermore, a few studies utilized information from both patents and publications. To identify promising technologies using bibliometrics, various analysis techniques were employed such as co-citation analysis using bibliographic data, co-word analysis and text mining based on text information, network analysis for data visualization [44] . This summary shows a similar propensity to the summary suggested in Rotolo et al. [32] that effectively summarized the operational definitions, data, and methods of the previous literature. Many studies on emerging technology utilized publication and patent data respectively. Although some studies [22, 30] utilized both forms of bibliographic data, they focused on the concept of fast growth. This research proposes promising research frontiers using both scientific papers and patents and the results are compared with regard to Proposition 2. Additionally, although there is an attempt [1] to identify promising research frontiers with consideration for not only fast growth but also market impact, it did not utilize scientific papers and consider science-based innovation perspective. Thus, this paper suggests promising research frontiers with comprehensive perspectives with both scientific papers and patents. The conceptual model of the present research is related to the prior studies [1, 30, 45] in that the model derives core technological documents by the screening process and identifies research frontiers through a clustering method. The promising indices are updated based on the indices of prior research [1] and several indices are added because data source is extended and some analytic steps are added. To include newly emerging impactful technological documents, the model includes the step to evaluate leading research organizations and collects the technological documents of them. This conceptual model also proposes promising research frontiers by suggesting outliers as several previous studies [46] [47] [48] suggested technological opportunities as a weak signal. Figure 1 shows the overall research concept to detect promising technologies. In this research, data from both scientific papers and patents are firstly utilized as technological documents to identify promising technologies using bibliometrics. Second, the core technological documents are selected from the set of collected technological documents through the proposed screening methodology. Several quantitative indices are proposed by evaluating technological documents and the capacity of research organizations in the screening process. In particular, this paper considers the research capability of research organizations to include technological documents that need to be considered despite low scores in the suggested indices because top research organizations can lead the direction of technology development. Third, the finalized core documents are grouped into research frontiers (RFs) using clustering algorithm, or are otherwise determined as outlier documents. Finally, promising research frontiers and outlier documents are identified by calculating the proposed promising indices. The promising technologies are suggested with several types, and compared between those derived from scientific papers and patents. Figure 1 shows the overall research concept to detect promising technologies. In this research, data from both scientific papers and patents are firstly utilized as technological documents to identify promising technologies using bibliometrics. Second, the core technological documents are selected from the set of collected technological documents through the proposed screening methodology. Several quantitative indices are proposed by evaluating technological documents and the capacity of research organizations in the screening process. In particular, this paper considers the research capability of research organizations to include technological documents that need to be considered despite low scores in the suggested indices because top research organizations can lead the direction of technology development. Third, the finalized core documents are grouped into research frontiers (RFs) using clustering algorithm, or are otherwise determined as outlier documents. Finally, promising research frontiers and outlier documents are identified by calculating the proposed promising indices. The promising technologies are suggested with several types, and compared between those derived from scientific papers and patents. scientific papers and patents. In the first step, scientific paper and patent data as technological document data are collected from the Web of Science (WoS) database and the United States Patents and Trademark Office (USPTO) database, respectively. In the second step, first of all, core technological documents are screened by evaluating the technological documents. An evaluation index is proposed in this research by reflecting the characteristics of the documents. Scientific papers are evaluated in terms of paper impact and academic research impact, whereas patents are evaluated from the viewpoints of novelty, impact, marketability, and the right range of patent, in order to derive core technological documents. Second, leading research organizations (ROs) are selected in the target technology area by evaluating the capacity of the RO. The RO capacity is evaluated in terms of the RO's activity for publications, RO's productivity for core publications, and impact of papers published from the ROs from the perspective of scientific paper. Meanwhile, the RO capacity in respect of patents is evaluated from the RO's activity for patent application, competitiveness of the patents registered from the RO, and the effect of patents registered from the RO. Third, the core technological document dataset is finally constructed by adding technological documents for the leading research organizations. This step is to include the technological documents that were underestimated using the evaluation index, because some recent technologies that have little chance to get high scores in the indices can be promising in the future. There is a presumption that the technological results from leading research groups had more potential to be promising technologies. In the third step, the research frontiers (RFs) are identified by clustering the core technological documents. In this step, RFs that have more than two documents, and outlier documents that are not grouped are extracted. In the final step, promising research frontiers for the academic perspective and the technology perspective are identified by calculating the promising indices. The promising indices for scientific papers and patents are proposed by considering the growth, impact, and science-based effects.
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Sustainability 2018, 10, x FOR PEER REVIEW 6 of 33 Figure 2 shows the detailed research process to identify the promising technologies. The promising technologies are identified with two perspectives, which are academic and technological, using scientific papers and patents. In the first step, scientific paper and patent data as technological document data are collected from the Web of Science (WoS) database and the United States Patents and Trademark Office (USPTO) database, respectively. In the second step, first of all, core technological documents are screened by evaluating the technological documents. An evaluation index is proposed in this research by reflecting the characteristics of the documents. Scientific papers are evaluated in terms of paper impact and academic research impact, whereas patents are evaluated from the viewpoints of novelty, impact, marketability, and the right range of patent, in order to derive core technological documents. Second, leading research organizations (ROs) are selected in the target technology area by evaluating the capacity of the RO. The RO capacity is evaluated in terms of the RO's activity for publications, RO's productivity for core publications, and impact of papers published from the ROs from the perspective of scientific paper. Meanwhile, the RO capacity in respect of patents is evaluated from the RO's activity for patent application, competitiveness of the patents registered from the RO, and the effect of patents registered from the RO. Third, the core technological document dataset is finally constructed by adding technological documents for the leading research organizations. This step is to include the technological documents that were underestimated using the evaluation index, because some recent technologies that have little chance to get high scores in the indices can be promising in the future. There is a presumption that the technological results from leading research groups had more potential to be promising technologies. In the third step, the research frontiers (RFs) are identified by clustering the core technological documents. In this step, RFs that have more than two documents, and outlier documents that are not grouped are extracted. In the final step, promising research frontiers for the academic perspective and the technology perspective are identified by calculating the promising indices. The promising indices for scientific papers and patents are proposed by considering the growth, impact, and sciencebased effects. In this step, the common process for both scientific papers and patents should be conducted: (1) target technology selection; (2) technology tree construction for the target technology; (3) searching keyword selection; (4) searching query construction; (5) data collection; and (6) noise removal. Data, including scientific journal papers and conference proceeding papers that had been published for 10 years, were collected from the WoS database. In addition, the registered patents for the first eight years, and the publicized and registered patents for the most recent two years were collected from the USPTO database. The proceeding papers and the publicized patents were collected to include more recent technological documents that would reflect the attribute of emerging technology, as those data represent more recent research themes.
We selected the technology field of pattern recognition as an illustration of the proposed method in this research. The technologies on pattern recognition have been widely utilized in character recognition, biometric recognition, human behavior pattern analysis, and medical image analysis. Furthermore, the technologies are fundamental to deep learning technology, which has recently received close attention. Thus, it is necessary to identify promising technologies in the relevant technologies in terms of academic and technological perspectives. Then, we built a technology tree for the pattern recognition technology and selected searching keywords and searching queries as shown in Table A1 .
The bibliographic data on scientific papers, including core articles, journal and proceeding papers published between 2005 and 2014, were collected by searching in 'title' field of the WoS database using the searching queries of Table A1 . Technology tree, which is a hierarchical structure of technology and structured as upper, middle, and lower classification in Table A1 , and searching queries were constructed based on the literature survey and experts' opinion from a leading research institute of ICT field in Korea. The collected data includes bibliographic information on scientific papers on pattern recognition such as title, author, abstract, reference, citing reference and so on. After data collection and noise removal, 2421 scientific papers were collected, and 740 core scientific papers, which was the number of the papers published in Q1 journal, were extracted by the annual rate of total collected papers in a descending order, based on the criterion of the evaluated value. The noise data that are not relevant to pattern recognition technology were deleted by investigating the title and abstract of papers. The top 20 research organizations were extracted as leading ROs, using the proposed evaluation indices for ROs. The 76 scientific papers were those that had been published by the 20 leading ROs during the recent three years, and evaluated in the top 50% of the average value of the indices. Finally, 745 core scientific papers were extracted after adding the 76 papers published by 20 leading ROs, and deduplicating them. Table 2 shows the results of scientific paper data. The data on patents registered from 2005 to 2014 and publicized from 2013 to 2014 in the USPTO database were collected. After data collection and noise removal, 5144 patents, which consisted of 3649 registered patents and 1495 publicized patents, were collected; and 648 patents, which was the number of patents whose family size was more than five, were extracted by the annual rate of the total collected patents in a descending order, based on the criteria of the evaluated value. The top 20 research organizations were extracted as leading ROs, using the proposed evaluation indices for ROs. The 922 patents were those that had been filed by 20 leading ROs during the most recent three years, and evaluated in the top 50% of the average value of the indices. Finally, 993 core patents were extracted after adding 922 patents filed by 20 leading ROs, and deduplicating them. Table 3 shows the results of patent data collection. 
Core Technological Documents Selection by Evaluating Technological Documents
In this step, the common process for both scientific papers and patents should be conducted: Core technological documents are selected using the indices for each scientific paper and patent, as the two types of documents have different bibliographic information. The evaluation indices for each technological document are proposed that reflect their own characteristics. The number of core scientific papers is decided as the number of papers that are published in Q1 journal, which denotes the top 25% of the journal impact factors (JIFs), which are the yearly rankings of science and social science journals provided by Journal Citation Reports (JCR), published by Clarivate Analytics. The core scientific papers are selected based on the evaluation indices for scientific papers by the annual rate of total collected papers. The evaluation indices consist of the perspectives of paper impact and research impact. The paper impact index is proposed based on the number of forward citations for scientific paper as Dahlin and Behrens [49] utilized forward citations from the perspective of impact. The research impact index is suggested based on the JIFs and the number of forward citations because it would be potentially more impactful in terms of research impact perspective if the paper is published in journals with a high JIF. Both paper impact and research impact indices are transformed to a normalized value that is the value less the minimum value divided by the maximum value less the minimum value, as shown in (1) and (3) . The research impact value is calculated by multiplying the journal impact factor for a scientific paper by the number of forward citations for the scientific paper, as shown in (2), and the calculated value is normalized as (3). The core scientific papers are extracted based on the average value of the two evaluation indices for scientific papers-paper impact, and research impact index-in a descending order, for as many as the calculated number by the annual rate of the total collected papers.
Next, the number of core patents is decided as the number of patents that have more than five patent family countries. We utilized five patent families as standard to extract core patents, because the five patent offices-the United States of America (US), the European Union (EU), Japan (JP), China (CN), and Korea (KR)-are regarded as major patent offices. The core patents are selected based on the evaluation indices for patents by the annual rate of the total collected patents. The evaluation indices consist of the perspectives of patent novelty, impact, marketability, and right range. The novelty and impact indices are derived from the perspective of patent innovativeness, and these are developed as (4) and (1), simplifying the concept suggested in Dahlin and Behrens [49] . The patent that includes a lesser number of backward citations can be regarded as a novel patent, because the patent is dissimilar to past patents. That is, the patent that has a lesser number of references can be regarded as novel, in terms of the basis for innovation. Thus, the value is normalized and subtracted from one as (4). The patent impact index is proposed based on the number of forward citations as (1) .
The patent marketability index is proposed based on the patent family size as (5), because the number of family patents can be perceived as the technology's potential market size [1] . The patent right range index is proposed based on the number of independent claims as (6) . The number of independent claims in a patent can be considered as the right range of the patent, because each invention should be divided into claims, when a patent that includes more than two inventions is filed as one application [1] . The weighted sum of each value from the indices is calculated by deciding the weight using the analytic hierarchy process (AHP). Table 4 Although the core technological documents are selected by extracting those that have high values in the scoring model by year, there can be some potential core documents, because some indices are developed based on bibliographic information, such as the number of forward citations. For example, the number of forward citations can be increased as time goes by. Thus, the process of core document selection is redeemed by adding the leading research organization's documents in order to complement the recent research results by leading ROs, as the technological results from leading research groups have more potential to be promising technologies. To this end, the indices to evaluate ROs in the technology field are proposed in this research, reflecting the characteristics of respective technological documents.
The leading ROs for a scientific paper are selected based on the evaluation indices for the leading ROs for scientific papers. The evaluation indices consist of the perspectives of RO's activity for publication, productivity for core publication, and impact of RO's publication. The index of RO's activity for publication is proposed based on the number of RO's scientific papers because the greater the number of publication by RO is, the more active the RO is in the technology field. The RO's activity is evaluated using (7) and it is normalized using (8).
RO s activity index (AI) =
No. o f papers(patents) o f RO total No. o f papers(patents)
Norm.
The index of the RO's productivity for core publication is proposed based on the number of RO's scientific papers, and journal impact factor (JIF) of the scientific paper. To this end, core journals in the technology field are defined as the journals whose JIF value is greater than the average JIF in the target technology area. The RO's productivity index (PI) is calculated as shown in (9), and normalized using (10) , because the greater the number of the RO's scientific papers published in core journal is, the higher the RO's research productivity.
RO s productivity index (PI) =
No. o f RO s papers published in core journal total No. o f RO s papers × 100 (9)
The index for impact of RO's publication is proposed based on the number of RO's scientific papers, and forward citation of the scientific paper. The impact of RO's publication index (II) is calculated as shown (11) and normalized using (12) . 
The top 20 leading ROs are extracted based on the average value of three evaluation indices for the RO using scientific papers. After domain experts reviewed the list of companies, the number of leading ROs was concluded to include most of influential and active ROs. The core scientific paper dataset is finalized by adding the scientific papers that are published by the top 20 leading ROs within the most recent three years, and positioned in the top 50%, based on the average score of three evaluation indices. Since the time duration of technology development is generally 2-3 years, we limited the time frame to the last three years to add recent papers. In addition, the criterion of scores in the indices (50%) was selected because the papers published in the Q1 and Q2 journals can be normally regarded as good quality papers. Although papers in Q2 journals might be not a high-quality paper, those that are published by leading ROs can have great potential for promising technology.
The leading ROs for patents are selected based on the evaluation indices for leading ROs for patents. The evaluation indices consist of the perspectives of RO's activity for patent application, market competitiveness of RO's patents, and effect of RO's patents. The index of RO's activity for patent application is calculated in the same way using (7), and it is normalized using (8) . The index of market competitiveness of RO's patents is calculated in the same way using (5) but patent family size should be substituted by the value of RO's market competitiveness index (MCI) calculated by (13) . Moreover, the index for the effect of RO's patents is calculated in the same way using (11) and it is normalized using (12); but forward citation of papers should be substituted by forward citation of patents. The top 20 leading ROs are extracted based on the average value of the three evaluation indices for ROs using patents. The core patent dataset is finalized by adding the patents that are publicized and registered by the top 20 leading ROs within the most recent three years, and positioned in the top 50%, based on the average score of the three evaluation indices. Table 5 shows the evaluation indices for research organizations from the perspective of scientific papers and patents.
RO s market competitiveness index (MCI) = RO s patent f amily size the average patent family size (13) 
Research Frontiers Extraction by Clustering
The core technological documents are grouped by a Girvan and Newman clustering algorithm [50] , which is a hierarchical method to detect communities by removing edges from the original network. In this research, the original network is developed based on the normalized bibliographic coupling relation [51] that represents the degree of sharing references between technological documents. The normalized bibliographic coupling strength (NBCS) is defined as
where NBCS ij is the normalized coupling strength between technological document i and j, r ij is the number of sharing references between i and j, and n i (n j ) is the number of references in the reference list of document i(j). The NBCS value is zero to one. After developing network based on normalized bibliographic coupling relation between documents, the edge betweenness centrality in the network, which is an extended concept of the vertex betweenness centrality [52] , is calculated as [53] C B e (e) = ∑ s =t∈V
where C B e (e) is the edge betweenness centrality of edge e, σ st is the number of shortest paths connecting node s to t, and σ st (e) is the number of shortest paths connecting node s to t passing through the edge e. Based on edge betweenness centrality value, Girvan and Newman clustering algorithm for discovering community structure in network were conducted. In the algorithm, the edge with the highest edge betweenness centrality is progressively removed. The edge betweenness is recalculated after removal of the edge with the highest value. The removal and calculation processes are repeated, until the modularity(Q) [50] is the highest, which means that the clustering process can provide the best set of groups in a way that maximizes the modularity. The modularity is defined as
where e ij is the fraction of all edges in the network that link vertices in community i to vertices in community j, the trace of the matric Tr e = ∑ i e ii gives the fraction of edges in the network that connect vertices in the same community, a i = ∑ j e ij is the fraction of edges that connect to vertices in community i, and x is the sum of the elements of the matrix x. The research frontiers (RFs) are identified by conducting this clustering process because the clusters are derived from the core technological documents. Moreover, the names of research frontiers are identified by reviewing the title and abstract of core technological documents.
Promising Research Frontiers Identification by Calculating Promising Indices
Promising research frontiers (RFs) are identified by using the promising indices, which are developed from the perspectives of growth, impact, marketability, and science-based effect. Those indices reflect the perspectives of rapid growth, market or economic potential, and scientific or technological change as attributes of promising technology introduced in the literature review section. The indices of growth and impact are common in scientific papers and patents, whereas the science-based effect index is for scientific papers, and the marketability index is for patents, because a paper includes rather academic and scientific information, whereas a patent includes technological information, which is likely to be commercialized. The growth and impact are defined as the growing potential of the RF and the applicability to other technologies, respectively, and the common indices-growth index (GI) and impact index (II)-are calculated using Equations (17) and (18) , respectively.
where, A i = the number of technological documents in RF i, P t = the number of technological documents in RF i at time t, N = the total number of technological documents, and n = the data collection period.
where, C i = the number of forward citations in RF i, and P i = the number of technological documents in RF i. The science-based effect is defined as the effect of knowledge on science and technology. It is calculated with the journal impact factor using (19) . The marketability index is defined as the potential for utilization as a product or service. It is calculated with the patent family size using (20) . Table 6 shows the promising indices and the average score of the promising value from the three perspectives. However, the technological documents that are not grouped as RFs are considered as outliers, and the outlier documents are also evaluated by using impact, marketability, the science-based effect, and recentness, instead of growth, as the number of documents is just one, and the document does not belong to an RF. where, IF i = sum of the impact factor of papers in RF i, and P i = the number of technological documents in RF i. Marketability Index (MI) = F i P i (20) where, F i = sum of the patent family size in RF i, and P i = the number of technological documents in RF i. The equations for all indices in this paper are summarized in Table A2 . Table 6 . Promising indices for promising research frontiers. The promising RFs are classified into four categories (recently emerging RFs, persistently emerging RFs, neutral RFs, and recently emerging outliers), by considering the level of technology development and the recentness of technological knowledge, based on the distribution of the publication year of technological documents in the RF, in order to suggest comprehensive interpretation of the results from scientific papers and patents. The recently emerging RF is defined as the cluster in which the technological documents published within the most recent three years account for more than 80 percent of all documents. The persistently emerging RF is defined as the cluster that includes technological documents that have emerged in more than five years among the total ten years. The neutral RF is defined as the cluster that includes technological documents that have emerged in less than five years among the total ten years, and in which the technological documents published within the most recent three years account for less than 80 percent of all documents. The recently emerging outlier is defined as the technological document itself that is not clustered, and that is published within the most recent three years. In addition, technological contents of promising research frontiers are presented to provide the practical information for technology development by conducting text mining.
Source
Results
Results of the Analysis Using Scientific Papers
The research frontiers (RFs) shown in Table 7 were extracted by conducting Girvan and Newman clustering from the network based on the bibliographic coupling relation between the papers. The Girvan-Newman clustering was conducted at the upper classification level to derive the best clustering results using NetMiner, which is an application software for the visualization of large networks based on social network analysis. The modularity values were 28.85, 360.22, and 165.67 for each biometric, image, and voice recognition. As a result, 35 clusters that included at least two papers and 384 outliers were extracted. The clusters consisted of two recently emerging RFs, 22 neutral RFs, and 11 persistently emerging RFs. The promising RFs were extracted as the top 10 RFs in each type of cluster. Table 8 shows the title of the promising RF, the calculated values using the promising indices, and keywords derived through text mining. Vein and fingerprint recognition were included in recently emerging RF, biometric recognition, such as DNA and RNA recognition, was included in neutral RF, and gesture, RNA, and voice recognition were included in persistently emerging RF. Table 9 shows the title of the recently emerging outliers, the calculated values using promising indices, and keywords derived through text mining. The papers in the recently emerging outlier group can be considered as weak signals for promising research areas. 
Results of the Analysis Using Patents
The research frontiers (RFs) shown in Table 10 were extracted by conducting Girvan and Newman clustering from the network, based on the bibliographic coupling relation between patents. The Girvan-Newman clustering was conducted at the upper classification level using NetMiner, when the modularity values were 84.85, 28.71, and 13.81 for each biometric, image, and voice recognition. As a result, 64 clusters that included at least two papers, and 651 patents were extracted. The clusters consisted of 20 recently emerging RFs, 43 neutral RFs, and one persistently emerging RF. The promising RFs were extracted as the top 10 RFs in each type of cluster. Table 11 shows the title of the promising RF, the calculated values using promising indices, and keywords derived through text mining. Vein, face, and voice recognition were included in the recently emerging RFs, face, fingerprint, and biometric recognition were included in the neutral RFs, and vein recognition was included in the persistently emerging RF. Table 12 presents the title of the recently emerging outlier, the calculated values using the promising indices, and keywords derived through text-mining. 
Comparisons Results of the Analysis Using between Scientific Papers and Patents
Although there were several RFs that commonly emerged in both scientific paper and patent areas, the RFs for each technological document are classified into different categories and have different research themes. First, the fingerprint recognition-related research theme represented in the persistently emerging RF group and the recently emerging RF group were common in the scientific paper and patent areas. The RFs on the model for fingerprint recognition were distributed in terms of scientific papers (RF 35, RF 2, RF 6 in Table 8 ), whereas the RFs on fingerprint recognition using sensor in neutral RFs (RF 2 in Table 11 ), and RFs related to biometric sensor for fingerprint in recently emerging RFs (RF 12 in Table 11 ) were distributed in terms of patents. Second, the face detection research fields emerged in neutral and persistently emerging RFs for scientific papers, and in recently emerging and neutral RFs for patents. The research themes related to method and pattern for face detection were persistently emerged from the perspective of scientific papers (RF 415, RF 417 in Table 8 ), whereas the research themes on facial image processing and acquisition emerged in the neutral RFs group (RF 49, RF 51, RF 48, RF 87 in Table 11 ), and the themes on diverse methods were distributed in the recently emerging RFs group (RF 45, RF 90, RF 175 in Table 11 ) from the perspective of patents. Third, the gesture recognition research fields emerged in the persistently emerging RFs for scientific papers (RF 92 in Table 8 ), and in the neutral (RF 52, RF 56 in Table 11 ) and recently emerging RFs (RF 237 in Table 11 ) for patents. Fourth, the voice recognition research fields emerged in the persistently emerging and neutral RFs for scientific papers, and in the recently emerging and neutral RFs for patents. The research themes related to recognition algorithm persistently emerged from the perspective of scientific papers (RF 272, RF 254, RF 257 in Table 8 ), whereas the research themes on voice control method emerged in the recently emerging RF group from the perspective of patents (RF 699 in Table 11 ). Fifth, the DNA/RNA recognition research fields emerged in the persistently emerging, neutral, and recently emerging RFs for scientific papers, and in the recently emerging RFs for patents. The research themes related to DNA/RNA pattern recognition and sequencing were distributed from the perspective of scientific papers (RF 30, RF 16, RF 20, RF 410, RF 10, RF 13, RF 31, RF 29, RF 1, RF 17 in Table 8 ), whereas the research themes on DNA detection emerged in the recently emerging RFs group from the perspective of patents (RF 1 in Table 11 ). Finally, the vein recognition research fields emerged in the recently emerging RFs for both scientific papers and patents. From the perspective of scientific papers, the research theme was specified as sclera vein recognition (RF 33 in Table 8 ), whereas the research themes were rather general from the perspective of patents (RF 8, RF 20 in Table 11 ). In addition, the RFs of image recognition emerged in the neutral and recently emerging RFs groups from the perspective of only patents (RF 49, RF 154 in Table 11 ).
Discussion
Promising Research Frontiers with the Proposed Model and the Gartner's Hype Cycle
In terms of Proposition 1 on identifying promising research frontiers through a quantitative approach using technological documents, the predicted results based on data from 2005 to 2014 by the proposed model are compared to the results derived from the hype cycle for emerging technologies in 2015 [13] , which is a graphical presentation developed by Gartner, the American IT research and advisory firm. The hype cycle provides five phases to present the maturity of emerging technologies, which are innovation trigger, peak of inflated expectations, trough of disillusionment, slope of enlightenment, and plateau of productivity. We matched the technologies related to facial expression recognition to affective computing technology on the hype cycle, biometric recognition relevant technologies to brain-computer interface (BCI) and biochips technology on the hype cycle, the voice recognition relevant technologies to speech-to-speech translation and natural language question answering on the hype cycle, and image recognition on human action to gesture control technology on the hype cycle. Tables 13 and 14 show the matched results. Both Tables suggested five phases of the hype cycle, matched technologies on the hype cycle, years to mainstream adoption that was proposed in the hype cycle, RF title, type of RF, and RF rank based on promising score among the total RFs. The promising research frontiers predicted through the proposed method using data from 2005 to 2014 were well-matched to the emerging technologies for 2015 that were provided by Gartner's hype cycle, which can be considered as an expert-based quantitative approach, in both papers and patent perspectives. The 18 promising RFs were matched to technologies on the hype cycle among 22 promising RFs in terms of scientific papers. The four RFs that were not matched were the fingerprint and vein relevant research themes. The 13 promising RFs were matched to technologies on the hype cycle among 21 promising RFs in terms of patents. The eight RFs that were not matched included high ranked and neutral or persistently emerging RFs, such as fingerprint and hand characteristic recognition, and low ranked but recently emerging RFs, such as vein recognition and biometric sensor research themes. From the scientific paper perspective, the predicted 9 RFs among the top 10 RFs based on the promising score were matched, and from the patent perspective, 7 RFs among the top 10 RFs were matched. All matched RFs based on scientific papers were ranked in the top 20 promising score, whereas 11 RFs based on patents, which excepted 2 RFs among the 13 matched RFs, were ranked in the top 20. Most of the high ranked RFs had a tendency to be matched in the innovation trigger phase, DNA and RNA pattern recognition technology relevant RFs were matched to BCI and biochips, whose years to mainstream adoption were more than 10 year or 5 to 10 years from the scientific paper perspective, whereas the RFs related to affective computing technology whose years to mainstream adoption were 5 to 10 years were relatively more located in the innovation trigger phase from the patent perspective. However, they differed in that the RFs from scientific papers tend to be located in the innovation trigger and peak of the inflated expectation phases, whereas the RFs from patents tend to be located in the innovation trigger and slope of the enlightenment phases. Figure 3 compares the results of the predominant technologies in terms of the perspectives of papers and patent. The proposed promising research frontiers suggest the micro-level of research topics than the emerging technologies in Gartner's hype cycle shown in Tables 13 and 14 . For example, there are many RFs with specific titles that are related to DNA or RNA sequencing and pattern recognition (relatively micro-level topics) are suggested in regard to BCI and biochips (macro-level topic) in the hype cycle. It can offer more micro-level information for strategic R&D planning for future promising technology because the suggested method is a bottom-up approach based on core technological documents.
Comparison of the Promising Research Frontiers from Scientific Papers and Patents
Regarding Proposition 2 on the difference between the results of promising research frontiers derived from scientific papers and patents, the academic papers account for high proportion in the order of persistently emerging RF, neutral RF, and recently emerging RF; whereas from the technological perspective, patents account for high proportion in the order of neutral RF, recently emerging RF, and persistently emerging RF shown in Tables 7 and 10 . The rate of persistently emerging RFs from the results of scientific papers was 7.5 times higher than that from the results of patents, whereas the rate of recently emerging RFs from the results of patents was 15 times higher than that from the results of scientific papers. The differences can be interpreted by referring to the nature of scientific research and patents. Academic research has the characteristics of persistent momentum because collective efforts are invested to build a theoretical foundation for future research. However, since a new trial is critical in patents to develop a leading-edge technology and avoid the legal right of existing patents, the recently emerging RFs should be emphasized. It is consistent with the results of the previous research that analyzed scientific papers and patents in solar cell technology field in that scientific articles tended to include more basic research, whereas patents focused on applied and industrial technology [30, 54] .
For the comprehensive understanding with the results matched to Gartner's hype cycle, the results from scientific papers propose promising RFs that have relatively long years to mainstream adoption periods. The proposed method using scientific papers is appropriate to propose the promising research themes of research and development (R&D) with a long-term perspective. However, the results from patents suggest promising RFs that have relatively short years to mainstream adoption periods. Thus, the proposed method using patents is proper to suggest promising themes for the R&D with a short-term perspective. The fact that scientific knowledge provides a fundamental basis for technology-oriented innovation, which consists of three main layers such as science, technology, and industry, is widely accepted [54] . This linear model explains that scientists and engineers in the research lab create the seeds of innovation, companies take up these seeds, develop technologies, and introduce them into production although this linear model is often criticized because there are many attempts to flexible technological collaborations between universities and firms in order to reduce uncertainty and risk of the R&D project [14] . The results of this research are partially supported by the linear model in that the RFs from scientific papers tend to play seeds of innovation with a long-term perspective of R&D whereas RFs from patents are related to applied technology in the short-term perspective. However, it is also partially supported by a flexible innovation model because the results are shown in results from both technological documents.
Several implications on the RFs of scientific papers and patents can be discussed in order to utilize the results. First, considerable RFs such as fingerprint recognition and face detection-related technology appear in both academic and practical worlds. Such commonly emerging areas should be regarded as a definitely promising technology category. Second, most RFs identified from the scientific papers are prior to RFs through patent analysis. However, an RF from the analysis of papers has not been realized by active patenting activities. Thus, a list of RFs which are in a persistently emerging RF for papers and simultaneously recently emerging RF for patents can be useful for research organizations to plan their technology investment. Third, a unique group of RFs that do not appear in the analysis for scientific papers but are involved in the recently emerging RFs category must be interesting to companies. Such RFs can be regarded as an emerging technology area that the academic papers related to the technology are not new. Thus, these implications can assist in implementing an effective technology strategy based on the analysis of both papers and patents.
To apply the proposed method to strategic R&D planning, the process using scientific papers should be considered in advance, rather than using patents. The process based on scientific papers is proper to propose the impactful emerging technology henceforth, because the promising RFs from papers are the technologies that have a time lag to be commercialized, whereas the promising RFs from patents are the technologies that actively are applied to a product, and have high technological maturity. Therefore, we suggest brief guidelines for using the method for strategic R&D planning in terms of priority. First, the promising area derived from scientific papers should be considered as the first priority. Second, recently emerging RFs should be preferentially taken into account, rather than neutral RFs and persistently emerging RFs. Finally, the promising area derived from patents can be considered when the RF is in the recently emerging RF group, and commonly emerged in the areas from the analysis of scientific papers.
Conclusions
A quantitative methodology for detecting promising research areas is proposed in this research, using bibliometric analysis based on both scientific papers and patents. The indices for evaluating technological documents, research organizations, and research frontiers are suggested using bibliographic information, by reflecting the characteristics of both scientific papers and patents. The proposed indices were developed by considering the attributes of promising technologies, such as fast recent growth, change to something new, market potential, and science-based innovation. The research frontiers are suggested by the Girvan and Newman clustering algorithm. The proposed method was applied to pattern recognition technology for illustration. The results of the proposed promising research frontiers are compared to the results of the hype cycle proposed by Gartner in order to confirm the Proposition 1 while the results of scientific papers and patents are compared in regard to the Proposition 2.
There are several findings from the results applying the model. First, the results derived from scientific papers can be utilized for suggesting themes for the research (R) of R&D, whereas the results derived from patents are proper to provide themes for the development (D) of R&D. Second, the rate of recently emerging RFs derived from patents is much higher than that derived from scientific papers, whereas the rate of persistently emerging RFs derived from scientific papers is much higher than that derived from patents. Third, the predicted promising RFs were well-matched to technologies on the Gartner's hype cycle. The RFs from scientific papers have a tendency to locate in the innovation trigger and peak of the inflated expectation phases, whereas the RFs from patents tend to be located in the innovation trigger and slope of the enlightenment phases.
The proposed method and results can be utilized in various ways. First, the results and method can be utilized to build strategies for collaborative R&D between universities and firms because it is the method considering both academic and industrial sides. Second, an R&D policy maker can utilize it as an objective reference data and a supporting tool for decision making on a policy of promising technology. Third, this method can be appropriate for small and medium-sized enterprises which have relatively lower capability to discover new technological opportunities by domain experts compared to large companies.
Overall, this study makes the following contributions. First, in the perspective of data utilization, a quantitative approach is suggested by using both scientific papers and patents as data for an academic and technology perspective respectively. In the process of data collection, several limitations were overcome. First, data was extracted by the annual rate of total data to prevent biased extraction of data. Second, the recent results of research by leading research groups are added to the extracted core technological document data, in order to include recent core documents. Second, from the perspective of methodology, several indices are proposed based on comprehensive understanding of the property of promising technology using bibliographic information in respective steps to evaluate technological documents and research capability of research organization, and to measure how promising the technology is. It is advantageous in that it is relatively simple to apply them to practice compared to using complicated data analytic methods such as citation-based analysis and network analysis. However, it has a limitation that the correlation check among indices was not thoroughly conducted, although the indices are developed based on different perspectives using different bibliographic information. In addition, in terms of clustering technological documents, the ambiguity of the number of clusters can be solved by using the modularity of Girvan-Newman clustering. Finally, in the perspective of the utilization of the results, the results show reliability because it was well matched to the hype cycle and consistency with the results and findings of the previous studies.
Although this research proposed a new approach to identifying promising technology, this paper has limitations. First, this paper briefly mentioned that recently emerging outlier documents can be considered as a weak signal for promising research themes in terms of novelty. However, although they can be a candidate for promising technology, we did not investigate the contents of outliers in detail. Second, in the process of adding technological documents of leading research organizations, the criteria to select the number of leading organizations and the cut-off value of paper quality are dependent on the domain experts. Even though this paper provided a rationale for the criteria, more robust criteria need to be suggested. Thus, future research can explore promising research themes based on outliers by extending the in-depth analysis. Furthermore, more sophisticated analysis such as sensitivity analysis on the criteria for the analysis on leading research organizations can improve the validity of the proposed approach. 
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